A new database called the World Resource Table ( WRT) is constructed in this study.
Introduction
History tells us that environmental quality may deteriorate as a result of economic development because an increase in economically valuable activities with massive industrial production and transportation often consume natural resources and emit pollutants and greenhouse gases (GHGs). However, we can mitigate the environmental deterioration by adopting environmentally friendly innovations, which may appear after countries achieve a certain level of economic development. The environmental Kuznets curve (EKC) is a variation of the Kuznets Curve (Kuznets 1955 ) that represents such relationship between economic development and environmental degradation. According to the EKC hypothesis, relationship between economic development and environmental quality can be described as an inverted U-shaped curve, but this is merely a hypothesis that has yet to be empirically tested. For sustainable development, environmental quality must be maintained or improved with the economic growth, which was argued in Our Common Future by the World Commission on Environment and Development (1987) . By investigating the EKC hypothesis, we can predict whether the economic growth will be sustainable in terms of natural resource management.
However the existence of global EKC has not yet been confirmed even though over a thousand empirical studies have been undertaken. The literature has shown that model specification, econometric methods, and features of the dataset substantially affect the results of the analyses of EKC estimations (Millimet et al. 2003; Stern 2004; Bertinelli and Strobl 2005) . In particular, deleting low-income countries from analyses because of data availability issues is common in the field and might bias estimation results. One of the reasons to cause such a problem is data availability. Especially information about natural resource and environmental quality tend to be missing for developing countries, so the necessary information for panel data regression is frequently missing in global datasets. The problem of missing data is widely recognized in the field of applied economics analysis, including EKC estimations, because missing data may cause estimation bias and also affect the projection of future emissions/concentrations. In addition, when the range of analyses on EKCs are limited to certain regions and countries, it may cause misunderstanding of whole picture of relationship between economic development and environmental quality.
In order to cope with the missing data problem on panel data analysis, three types of methods are used: deleting samples or variables with missing values, single imputation, and multiple imputation. The most common method of sample deletion is listwise deletion that samples with missing values are deleted before statistical analysis. Sample deletion used to be the major way to deal with missing data until the computer calculation technology has been developed after 1990s. Deleting sample with missing values may cause estimation bias if the missing pattern is not at random. Single imputation is imputing a value for the missing data unit. Linear/ spline regression and hot deck/ cold deck imputation are major single imputation methods used for statistical analysis. Hot deck imputation is also called "matching" that if a sample has a missing value, other complete samples, which have similar values for other variables are chosen and the value of that samples are substituted for the missing value (Andridge and Little 2010) . Single imputation is the most common way of addressing the problem of missing values (e.g., as applied in the World Bank databases), but tends to underestimate the error variance of missing data (see Junninen et al. 2004 Junninen et al. : 2906 Junninen et al. -2907 ).
On the other hand, multiple values are estimated for the missing data imputation by multiple imputation. Multiple imputation mitigates the problem of estimation bias and underestimation of standard errors. However, multiple imputation has not been widely used until recently because it requires large computational power to undertake the calculations required to generate a sufficient number of imputed datasets. The rapid development of computer technology since the turn of the century has made multiple imputation one of the more common methods currently used to address missing data issues, particularly in medical science studies in which some data of respondents are often missing. Multiple imputation enables future levels of emissions for each country-even low-income countries-to be estimated, which allows political goals to be set for such countries.
Therefore, in this article, we apply multiple imputation to EKC estimation to global panel data analysis and emission projection to draw a path to the environmental friendly and low carbon society. By imputing missing values in the dataset, we can include more countries for longer time periods. We first estimate the EKC. Second, we compare the results of the estimation by multiple imputation with listwise deletion. Third, using the results of the EKC estimation, we show the future projections of global emissions of CO2 by focusing on each region's share of the total emissions of emerging economies.
We implement the analysis described above on four major environmental indices, which have various rate of missingness: CO2/ SO2 emissions per capita, PM10 1 concentration per cubic meter, and BOD (biological oxygen demand) per day per worker 2 . CO2 and SO2 emissions are the most common environmental indices for EKC analyses and have low rates of missing data. PM10 concentration is one of the major indices to evaluate air quality, and also has a long and wide range of data collection and the lowest missing rate in our dataset. The BOD indicates how much the water microorganisms consume oxygen to resolve organic matters in the water. The higher BOD is detected, the more polluted the water resource is, thus is important to measure water pollution; however, not every country collect BOD data and this index thus has the highest rate of missing data among the four indices.
In the next section, we first describe the abstract of our dataset. Second, we explain the missing mechanisms of the dataset, which is the main reason why we must use multiple imputation. Third, the data imputation and EKC estimation methods are described.
Forth, after implementing the multiple imputation, we use the imputed global dataset to estimate the global EKCs for the four environmental indices, which have different rates of data missing. Using the estimated parameters of the EKC, we project the CO2 emissions until 2018. Finally, we summarize our findings and discuss the implications of this study.
Data
We include industry-and environment-related variables in the imputation model, as shown in Table 1 (Lee et al., 2010; Grossman and Krueger 1991; Orubu and Omotor 2011) . Especially PM10 has been studied only for a limited number of countries and cities, i.e., US, Mexico, and Italy (Dasgupta et al. 2002; Mazzanti et al. 2007 ).
Methods

Missing mechanisms
We create a large database for the WRT by imputing the missing data. Before choosing an imputation method, we must first identify the "missing mechanism" of the dataset, which is defined by Rubin (1976) . The missing mechanism tells us whether we can derive unbiased estimator from the dataset, it thus helps us determine which imputation method to adopt (Cranmerand and Jeff Gill 2013 
MNAR/NI
When the missing pattern is determined by the missing values Dmiss, the missing mechanism is MNAR or NI. When the missing mechanism is MNAR, the probability of missingness is dependent on the missing data; thus, the missing pattern cannot be predicted because we do not have information about the missing values. The methods discussed above-listwise/pairwise deletion and single/multiple imputation methods-may cause the estimators to be biased when the missing mechanism is MNAR. However, we can convert the MNAR dataset to MAR by adding auxiliary variables (AV), by which we can predict the missing pattern M. The missing mechanism of a dataset cannot be determined with certainty because we do not have information about missing values. To avoid causing bias with the MNAR datasets, we must use priors and expert information to make the dataset MAR when it is highly likely that the given dataset is MNAR.
We verify the missing mechanism of the dataset by using correlations of the indicator matrix and values of the dataset (see Kabacoff 2011: 360-362) . One way to verify a missing mechanism is to examine the correlation of observed values and matrix of a missing pattern 5 . We generate a dataset with indicator variables that are coded 1 for missing and 0 for observed. The resulting 0, 1 matrix is called the "shadow matrix". All of the correlations between the shadow matrix and observed values are lower than 0.4, which indicates that the missing mechanism of the dataset can be assumed to be either MCAR or MAR 6 . If the missing mechanism of the dataset is MAR, multiple imputation is an appropriate way to deal with the missing unit in the dataset.
Multiple imputation with EMB
The idea of multiple imputation has been introduced by Rubin (1977) . While only one value is imputed for a missing value in case of the single imputation, different values are imputed for the missing elements in the multiple imputation process, such that m numbers of imputed datasets are generated based on observed values. As with Single imputation, there are various ways to generate the multiple imputed datasets. Among those, two algorithms are widely used for multiple imputation, the imputation-posterior (IP) approach and expectation maximization with importance sampling (EMis) (King et al. 2001) . IP is a method based on a Markov chain and Monte Carlo algorithm that requires both expertise and a lengthy computational time. EMis is based on the expectation maximization (EM) algorithm, the iterative estimation method, which requires less expertise and is faster than IP. These two methods have been used as major algorithms for multiple imputation. However, both IP and EMis have the disadvantage that they require considerable computational time and expertise. In addition, a large panel dataset that includes cross-sectional and time series information, may not be properly treated by these methods.
A newly introduced method of multiple imputation that is implemented by Amelia, a statistical package for R (Honaker and King 2010) addresses the missing data of a panel dataset. Amelia can handle both cross-sectional and time-series features of panel data.
The imputation method used in Amelia is based on the EM algorithm with bootstrapping (EMB), which can efficiently estimate missing values. The process of multiple imputation using the EMB is shown in Figure 1 . The EMB is suitable for large datasets because the drawing process of the mean vector and joint covariance matrix is simplified by bootstrapping. Bootstrapping has better lower order assumptions than the parametric approaches implemented by EMis and IP (see Honaker and King 2010: 564-565) .
Regarding the number of imputed datasets, many articles in the literature have indicated that 5 to 20 imputations are sufficient for consistent analyses (see King et al. 2001, p.53; Gelman and Hill 2006, p.542 ). However, most recent studies have found that estimation results with small numbers of imputed datasets can be biased. Generating more than 100 imputations is recommended because of the reduced computational time of today's technology (Graham et al. 2007) . Following the recent study, we execute 100 imputations for our analysis.
EKC estimation
After the imputation, we estimate the regression model for the EKC. We calculate the OLS estimators for the parameters in regression model described by equation (1). E is the emission/concentration level in country i at time t, X is the GDP per capita, Year is a time trend variable, is the intercept, is a fixed effect of the region (we have 12 regions here), and is an error term. To consider nonlinearity, we include the second and third power terms of GDP per capita.
We recognize that arguments have been made that sing a parametric regression may not produce reliable results because the functional form and distribution are assumed in advance; therefore, semi-parametric methods have become commonly used to estimate the relationship between environmental degradation and income (Bertinelli and Strobl 2005; Azomahou et al. 2006; Tsurumi and Managi 2010) . However, the main purpose of this study is not to investigate the existence of the EKC but to compare the regression results from two methods: listwise deletion and multiple imputation. In addition we use the estimated parameters for future emission projection. We therefore implement parametric estimation and focus on a simple form of the EKC.
In our study, we adopt the integration method developed by Rubin and Schenker (1986) to combine multiple imputed datasets into one result because the method can consider variance among m estimations. To combine the multiple imputed datasets using this method, we use estimated coefficients and standard errors. Therefore we select parametric regressions for the EKC estimation. By Rubin and Schenker's (1986) method, the variance of standard errors among the imputed datasets is used to calculate the integrated standard error, which means that too large a missing rate for small datasets may make the integrated estimated coefficients insignificant. 
CO2
The curve for CO2 emissions per capita exhibits a monotonic increase (see Figure 6 ).
The results of the listwise deletion and multiple imputation show almost the same trend except the fitted value for the multiple imputation dataset is slightly larger than that for the listwise deletion. At higher than 80,000 dollars GDP per capita, where number of observations is more limited than for the lower GDP countries, the slope is steeper for the listwise deletion. With the imputed dataset, a linear relationship is found between the CO2 emission per capita and GDP per capita. Technologies, which are the source of SO2 emissions, normally decrease as the GDP per capita increases. Therefore, where most countries remain in the developing stage, the SO2 emissions per capita are increasing at lower economic levels and begins to decrease at higher GDP levels, which is consistent with recent studies (e.g., Iwami 2004; Yaguchi et al. 2007; Coleman 2009 ). SO2 is considered a local pollutants that is easier to control than global emissions. Sulfur, as a byproduct of industrial production in factories, can be reduced by using an end-of-pipe filter, which is a widely applicable technology even in developing countries. These two factors-being a local pollutant and the existence of applicable clean technology-may help SO2 emissions be lower at the middle and high-middle income countries.
PM10
The relationship between PM10 concentrations and the GDP per capita is an inverted N-shaped curve (Figure 8 ). The PM 10 concentration peak is at 84,100 international dollars for the imputed dataset with a higher concentration level compared to the result of the listwise deletion. Many articles in the literature that have found an inverted U-shaped relationship between the PM10 concentration and GDP per capita have used city-level data for air pollution (e.g., Grossman and Krueger 1995) , which may have a strong relationship with GDP per capita because the population and industry concentration in urban areas is strongly related to the GDP growth. However, our result shows that the PM10 concentration increases at 25,000 dollars GDP per capita and starts to decrease again at 85,000 dollars GDP per capita that such level of income is still too high for many countries because the mean GDP per capita is 4,712 international dollars for our global dataset. Therefore, results from previous studies showing an inverted U-shaped relationship are too optimistic for current global situation, and we must consider how to decrease the PM10 emissions from emerging nations whose GDP per capita is below 85,000 dollars.
BOD
The level of BOD shows the overall decreasing trend relative to increases of the GDP per capita (Figure 9 ). The BOD has the highest missing rate among the four environmental indices in our analysis; therefore, the results differ the most between the listwise deletion and multiple imputation, and the difference is larger at the higher GDP per capita. Up to approximately 80,000 dollars GDP per capita, the BOD emission does not decrease much. The emissions increase from 20,000 to 70,000 dollars GDP per capita, which means that for most of the countries, controlling the BOD may still be a problem for economic development. Managi et al. (2009) found that the BOD of a country decreases as the trade openness of the country increases. Therefore, encouraging trade to increase income may also improve the water quality of the country. Our estimation results show that the annual CO2 emission levels in 2018 in Asia will be almost twice the emission levels in 1992 (see Figure 10 ). North America, East Asia and Europe are the three largest CO2 emitters throughout the period. The share of Europe and North America will decline gradually until 2018whereas South Asia and East Asia will increase their emissions share.
Prediction of emission level
Increases in the emission share for East Asia and South Asia can be explained by population pressures in the regions. Because of increasing population pressures, the decreasing trend in per capita emissions is insufficient to cause a reduction in total CO2 emissions. China and India-the two world most populated countries, thus the two largest emitters of CO2 in Asia-will further increase their population and emission levels per capita. Emissions from Central Asian countries are also growing. With massive population growth, these countries will continue to become a global warming threat.
Conclusion
We constructed a new database, the World Resource Table ( WRT), in this study. We provide an application of multiple imputation so that coverage increases compared with the existing databases described in previous studies. This study then estimates the global EKC using WRT. First, by choosing the appropriate imputation method and model, we imputed reasonable values into datasets with missing values. Second, we estimated global EKC for four environmental indices-CO2, SO2, PM10, and BOD. Finally, we predicted the future emission trend and regional share of CO2 emissions.
We found that with a large sample such as the global dataset, which we used for our analysis, increase in the standard errors by multiple imputation do not affect the statistical significance of the estimated parameters. Therefore the regression parameters for the GDP remain significant at a 1% significance level after the imputation, such that we can produce an obvious relationship of environmental indices with GDP per capita.
We also calculated the projection of future global CO2 emission levels and each region's share. As a result of rapid population growth, East Asia and South Asia, where China and India are located, will increase their emission shares by 2018, whereas other major CO2 emitters such as Europe and North America will still produce a large share of the total global emissions. The total CO2 emissions will be twice as large in 2018 compared to 1992. Further studies on environmentally friendly technology and implementation are required to mitigate this trend.
The results of this study indicate that multiple imputation can serve to expand the datasets of environmental indices with missing values for panel data analysis. These results will contribute to the prediction of future trends of global environmental quality and help set the goals for constructing a low carbon society. Since East Asia and South Asia are predicted to increase their emission share rapidly in the world, further studies focusing on Asian countries are urgently needed.
1 PM10 stands for Particulate Matter up to 10 micrometers in size. 2 BOD is an index to evaluate water quality.
3 Dataset used for this paper is basically the one from the data used in Miyama and Managi (2014) . In Miyama and Managi (2014) , we implemented multiple imputation and panel data analysis to Asian countries. We expand the panel data analysis to the global dataset in this article. 4 If the country does not exist during the covered period because it is occupied by other countries, the country is excluded from the analysis until its year of independence. Thus, the dataset is unbalanced. % of electricity production EPI 1970-2010 * Organic water pollutants are measured by biochemical oxygen demand (BOD), which refers to the amount of oxygen that bacteria in water will consume in breaking down waste.
Table 2 List of countries categorized by region
Note: All the countries listed above are included for the multiple imputation and EKC estimations, but countries with * are excluded from the CO2 emission projection due to the data availability.
Table 3
Results of the EKC estimation (CO2) *** Significantly different from zero at the 1% significance level ** Significantly different from zero at the 5% significance level * Significantly different from zero at the 10% significance level Table 5 Results of the EKC estimation (PM10) *** Significantly different from zero at the 1% significance level ** Significantly different from zero at the 5% significance level * Significantly different from zero at the 10% significance level 
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